Three critical components are used in developing accurate inventories of mobile-source emissions: vehicle emissions rates, vehicle activity patterns, and vehicle fleet distributions. To date, much effort has been spent on developing accurate real-world vehicle emissions rates; however, less effort has been applied to correctly identifying real-world vehicle activity patterns and vehicle fleet distributions. Vehicle activity has frequently been characterized using average speed and vehicle miles traveled (VMT), but advances in the modeling of mobile-source emissions have increased the resolution in vehicle activity necessary for using the new models to their full capabilities. In addition to characterization of vehicle activity at greater resolution, characterization of the vehicle fleet at higher levels of spatial resolution has also been recognized as an important factor for the improvement of the modeling of mobile-source emissions.
Three critical components are used in developing accurate inventories of mobile-source emissions: vehicle emissions rates, vehicle activity patterns, and vehicle fleet distributions. To date, much effort has been spent on developing accurate real-world vehicle emissions rates; however, less effort has been applied to correctly identifying real-world vehicle activity patterns and vehicle fleet distributions. Vehicle activity has frequently been characterized using average speed and vehicle miles traveled (VMT), but advances in the modeling of mobile-source emissions have increased the resolution in vehicle activity necessary for using the new models to their full capabilities. In addition to characterization of vehicle activity at greater resolution, characterization of the vehicle fleet at higher levels of spatial resolution has also been recognized as an important factor for the improvement of the modeling of mobile-source emissions.
Accurate estimation of emissions from on-road sources requires understanding the characteristics of the on-road vehicle fleet. Determining the VMT for all vehicles is necessary, but not sufficient. Improvements in emissions-control technology over the past 20 years have led to large decreases in the emissions of light-duty automobiles and trucks, resulting in large differences in vehicle emissions depending on model year and technology type. Variation in the on-road fleet composition by time and location can lead to significant differences in emissions in both absolute and relative terms, such as the ratio of hydrocarbons (HCs) to nitrogen oxides (NO x ). Previous research at the University of California, Riverside, College of Engineering, Center for Environmental Research and Technology (CE-CERT) indicated that the relatively high proportion of new vehicles found in areas such as national parks results in significantly lower emissions for the national park vehicle fleet compared with a typical urban fleet (1, p. 20) .
Vehicle fleet characterization has been included at the county level in the latest revisions of the EMFAC emissions model (2) . Characterization at the zip code level has been included as an option in the MEASURE model (3) and the Comprehensive Modal Emissions Model (CMEM; 4). The problems associated with using motor vehicle registration data to develop locally derived vehicle fleets were addressed at the 81st Annual Meeting of the Transportation Research Board (5). Furthermore, differences in motor vehicle registration address data and on-road measured license plate data were recently characterized with an estimation of changes in emissions generated using the different sources of fleet data (6, p. 19; 7, p. 8) .
During the summer of 2001, detailed on-road vehicle fleet data (as well as probe vehicle-based activity data, described below) were collected as part of the Study of Extremely Low Emission Vehicles (SELEV) Program in the South Coast Air Basin (SoCAB), California (6 ) . The SELEV Program at CE-CERT is a multiyear program with multiple sponsors that has three overall objectives:
• To develop, demonstrate, and verify technologies and techniques for measuring vehicle emissions at very low levels;
• To understand how new-technology vehicles are used in the real world and measure their emissions; and • To understand the implications of advanced-technology vehicles for atmospheric impacts at the micro, meso, and macro scales.
In addition to this on-road program of data collection via license plates, CE-CERT conducted a random subsample of California's 1998 Department of Motor Vehicles (DMV) registration database for the same SoCAB locations. Furthermore, another vehicle fleet study was recently completed by CE-CERT on a statewide basis for the California Air Resources Board (CARB) (7 ) . These three data sources consist of 
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• More than 67,000 vehicles were identified by decoding the vehicle identification numbers (VINs) obtained from data collected in parking lots throughout California in the summer of 2000.
License plate capture and subsequent VIN decoding provide detailed vehicle fleet characteristics for determining the vehicle fleet with high spatial resolution. In addition to data about the vehicle fleet, a large amount of vehicle activity data was collected as part of the same SELEV program in 2001. Sites were studied in three SoCAB cities on three different roadway types (freeway, arterial, and residential). The three cities selected were Riverside, Yorba Linda, and La Puente in Riverside, Orange, and Los Angeles Counties, respectively (Figure 1 ). Student teams collected on-road vehicle activity measurements (i.e., secondby-second position, velocity, and acceleration) with an instrumented vehicle, and general traffic flow data and on-road vehicle license plate information with digital video cameras. The teams collected data twice during all daylight hours on weekends and weekdays in each city. Additional details are provided in the methodology section.
The primary goal of this vehicle activity study was to characterize the microscale spatial and temporal variation of vehicle activity and fleet makeup. Data were analyzed using an Autoscope device (8) and VIN-decoding software. The results were compared with existing databases and incorporated into a geographical information system framework for determining link-based emissions inventories. The link emissions factors can be generated from CE-CERT's CMEM (4) when the representative vehicle activity and fleet distribution data are applied directly to CMEM. In addition to the data mentioned above, macroscale traffic parameters were recorded from the Caltrans Performance Measurement System, coinciding with instrumented vehicle data collection. The generated link emissions factors can be used in conjunction with the measures of traffic performance to generate real-time inventories of emissions from mobile sources (9, p. 15). The goal of this paper is to characterize the microscale spatial and temporal variation of vehicle activity and fleet makeup, with the purpose of improving estimates of real-world vehicle emissions. This vehicle activity-fleet distribution data set has been extensively analyzed as a function of location, time of day, and weekday versus weekend.
METHODOLOGY

On-Road Vehicle Activity and Vehicle Fleet Data
As part of the SELEV vehicle activity and fleet distribution study, vehicle-driving patterns were collected in three SoCAB cities on residential, arterial, and freeway routes. A general summary and analysis of the vehicle activity fieldwork that took place in the summer of 2001 has been published (6) . Three primary techniques were used for data collection:
• Second-by-second position and velocity data were recorded using an instrumented vehicle equipped with Doppler speed sensors, an OBD-II interface, and Global Positioning System instrumentation.
• Traffic information was collected using digital video cameras and postprocessed to obtain vehicle class distribution, average traffic speed, density, and flow rates.
• License plate data were captured with a digital video camera and subsequently analyzed using vehicle registration databases and VIN decoders.
Data were collected in Riverside, Yorba Linda, and La Puente ( Figure 1 ). These sites, selected via a rigorous process to ensure their representativeness of the Los Angeles Basin, included routes in Riverside, Orange, and Los Angeles Counties. Freeway, arterial, and resi- dential roadways were examined at each location. Data were collected in each city twice for 2 weeks, with 3 days of data collection per week (two weekdays and one weekend day). Every hour during daylight hours, 20 min of data were collected, rotating among freeways, arterials, and residential streets.
Student teams collected on-road measurements of vehicle activity with an instrumented vehicle; they collected general traffic flow and on-road vehicle license plate data with digital cameras. While one team member collected on-road vehicle activity measurements with the instrumented vehicle, the other two team members recorded general traffic flow and vehicle license plates. The route was repeated as many times as time and traffic conditions permitted.
Data were collected between June 25 and Sept. 15, 2001. The instrumented vehicle was driven over predetermined routes at each site in the three cities. The starting location was rotated, enabling sampling at various locations at different times of the day. Sampling was conducted for 20 to 30 min at a single location and moved to a different location every hour. Three sampling days were completed each week-alternating Monday, Wednesday, and Saturday with Tuesday Friday, and Sunday-for a total of 36 days of testing. The resulting data set covered all hours of the day for both weekdays and weekends.
An Autoscope 2004 unit was set up as a traffic analysis base station in the research lab. The Autoscope device digitizes and processes images from a digital video camera to extract traffic parameters such as number of vehicles and vehicle speed (8) . A computer is connected to the Autoscope; virtual detectors are created on the road image that emulates an inductive loop. A detection signal is created when a vehicle crosses a virtual detector. The processor then compiles the data to create output files containing information on total volume, volume by vehicle class, and average speed. The vehicle classes are Class 1 (light-duty automobile, less than 25 ft), Class 2 (medium-duty truck, 25 to 36 ft), and Class 3 (heavy-duty truck, more than 36 ft), and vehicle length is calculated from the amount of time a vehicle occupies a virtual detector. To collect the input video stream, a digital video camera was set up to collect data from all lanes of traffic from at least 15 ft above the roadway. At arterial and residential sites, the entire road was recorded; at freeway sites, only one direction of roadway was recorded.
A second digital camera was set up along the roadway on a tripod to capture the license plate data of vehicles passing through the datacollection area. One lane was captured per day, per site, and a different lane was captured each day. Still images of the desired frames were saved, and all identifiable plates were manually entered into a database, along with the vehicle class. Every minute of traffic at arterial and residential sites was analyzed, and only every third minute of traffic at freeway sites was collected because of the large volume of vehicles passing the camera during the taping period. The license plate data of each vehicle were run through the registration database to obtain make, model, engine, catalyst type, transmission, and home zip code.
On-Road Destination Vehicle Fleet Data
The second source of vehicle fleet data used in this analysis was an on-road vehicle population of light-duty vehicles collected as part of CARB's statewide unregistered vehicle project (10, p. 14). The vehicles were photographed in parking lots throughout the state in the summer of 2000. License plate data were entered into a database, then correlated with motor vehicle registration data to obtain vehi- 
RESULTS
Vehicle Activity from Instrumented Vehicle
During the vehicle activity portion of the study, 540 trips were completed and more than 475,000 s of activity data were recorded. In the analysis presented in this paper, only freeway activity is considered. With a few exceptions, average weekend speeds (averaged over the entire day) were slightly higher than weekday speeds for the freeway data at all three locations. The average overall freeway speed was 58.6 mph (94.3 km/ h)-57.1 mph (91.9 km/h) on weekdays and 60.1 mph (96.7 km/h) on weekends. For all three cities, the westbound and eastbound freeway traffic patterns differ. As was expected, the morning eastbound speeds were the highest, followed by midday speeds, with the slowest speeds on weekday and weekend evenings. The westbound patterns in Riverside are the same as the eastbound patterns, while Yorba Linda and La Puente weekday patterns are the reverse: the morning speeds were slowest and the evening speeds highest. This finding is consistent with commuter patterns for Yorba Linda and La Puente, where the peak morning commute is in the westbound direction (for commuters traveling into Orange and Los Angeles Counties), and the peak evening commute is in the eastbound direction. Speed-acceleration contour plots were created from the freeway data for each city to provide an overall summary of the driving across the entire period of data collection (Figure 2 ). Freeway travel in Riverside tended to be near free flow, while Yorba Linda was either near free flow or heavily congested. The travel through La Puente was more constant, with fewer large acceleration-anddeceleration events.
The data summarized in the location graphs were collected over several weeks, including weekdays and weekends. Individual traffic events can be expected to influence congestion levels; however, the differences apparent in Figure 2 are due primarily to differences in the predominant vehicle activity patterns for the areas.
Although the speed-acceleration distributions are different for the three locations, the primary factor influencing the differences in distribution appears to be the level of congestion. Hourly speedacceleration distributions were created for each city; examples of changing traffic behavior are shown in Figure 3 . The "×" in each plot indicates the average speed of that distribution. As average speed decreases, the distribution spreads out over a wider range of speeds, which is a characteristic of congested conditions. It is interesting to note that the range in speeds (i.e., the distribution spread) is smallest for the most-congested and least-congested traffic conditions, with a much larger range in observed speeds for the midrange to moderate congestion levels.
To get an idea of emissions associated with these different congestion conditions, each of the example speed distributions in Figure 3 was modeled in CMEM (4 ), calibrated for a Riverside fleet. The resulting emissions factors (in grams per mile) are also shown in Figure 3 . As expected, emissions of carbon monoxide (CO 2 ) (a surrogate for fuel use) decrease with speed until levels of congestion increase, then emissions also increase. Grams-per-mile emissions of carbon dioxide (CO), HC, and NO x are highest for the high-speed, free-flow conditions; lower for the midrange, congested speeds; and high again at low, congested speeds. High-speed, freeflow traffic produced the highest levels of emissions, followed by low-speed, highly congested traffic. Vehicle behaviors (e.g., acceleration-and-deceleration events, speed) affect emissions rates. In low-speed, highly congested traffic, vehicles either pace together at similar low speeds (as in La Puente) or have multiple acceleration-and-deceleration events (as in Yorba Linda).
Vehicle Activity from Autoscope
The videotapes collected at each site were processed as described in the methodology section, and the resulting output files were sum- marized. The Autoscope calculated vehicle speed and vehicle count by classification. The videotapes for the freeway sites captured traffic traveling in the westbound direction for all three cities and in both directions for the arterial and residential sites. Figure 4 is a diurnal plot of average freeway volume for weekdays and weekends in each city. Yorba Linda tended to have the highest vehicle volumes, especially during weekday evenings and weekend afternoons; vehicle volumes were lowest in La Puente. These data vary by time of day and between weekday and weekend. In general, morning volume is lower than evening volume. The processor also places vehicle counts into vehicle-type bins of automobile, truck, and heavy-duty truck. The average percentage of heavy-duty trucks in the freeway vehicle fleet is 2.35% in Riverside, 7.45% in Yorba Linda, and 6.17% in La Puente.
Vehicle Fleet Mix
Vehicle model year was used to identify differences in the vehicle fleet among the three sites. Other factors such as automobile-totruck ratios and manufacturer proportions could be used to deter- mine vehicle fleet homogeneity in more detail; however, model year provided a simple method of identifying differences correlated with emissions.
Statistical significance of the differences observed at the three locations was tested using the two-sample Kolmogorov-Smirnov test. This nonparametric test identifies differences in distribution between two populations (11) . In this test, the maximum difference in the cumulative distributions of the two populations is compared with a test statistic on the basis of the sample size. For example, if the largest difference between two distributions of vehicles occurred with the 1991 model year and one population had a cumulative distribution of 0.58 (58% 1991 and older) and the second population a cumulative distribution of 0.51 (51% 1991 and older), the difference would be 0.07 (7%). For large samples, this test is effective in detecting differences in distribution. The model year cumulative distribution for the vehicle registration data indicates that the vehicle fleets registered in Riverside and Orange Counties are slightly older than those in Los Angeles County (Figure 5a ). Very small differences in cumulative percentage were also observed between the vehicle registration-based fleets in Orange and Riverside Counties.
The model year distribution for the on-road mobile vehicle fleets indicates that the Los Angeles County vehicle fleet was significantly older than that in Riverside County or Orange County (Figure 5b ). Very small differences in the cumulative distributions were observed between Riverside and Orange Counties. For the on-road destination data, the differences in the three cumulative distributions were small (Figure 5c ). The maximum observed differences in the distributions as well as the Kolmogorov-Smirnov test statistics are listed in Table 1 . Vehicle model year populations were significantly different at the 0.01 significance level if the observed maximum difference was greater than the Kolmogorov-Smirnov test value. Riverside and Orange Counties were not significantly different (P = 0.01) for either of the on-road vehicle fleet data sets, as noted on the table. However, they were significantly different for the vehicle registration data. Los Angeles County was significantly different from Riverside and Orange Counties (P = 0.01) for all three data sets.
Vehicle Emissions Implications
CMEM and EMFAC were used to help quantify the effects of vehicle fleets and driving behavior on emissions. As a base-case scenario, CMEM was modeled for the unified cycle for Riverside, Yorba Linda, and La Puente, with the vehicle fleets determined from the vehicle registration database for each area. For the refined scenario, a composite vehicle trace was created for each city for morning, afternoon, and evening time periods. The traces were modeled in CMEM with the appropriate vehicle fleet as determined by the on-road SELEV study and normalized based on volume percentages for each time period. The time periods were modeled separately to account for diurnal differences in driving behavior. The resulting emissions are listed in Table 2 . Using the vehicle traces and vehicle fleets captured on road, emissions were 25% to 77% lower than when a subsample of the registration database was used with a standard cycle. For a secondary comparison, EMFAC 2.08 was modeled for Riverside, Orange, and Los Angeles Counties using the default settings for calendar year 2001. The vehicle fleet distribution found from the on-road, in-transit fleet was applied to the total population of passenger automobiles, light-duty trucks, and medium-duty trucks for each county. The adjusted vehicle fleets by model year were entered into EMFAC, and the model was run. The resulting emissions are listed in Table 3 . Using the on-road vehicle fleet data, emissions were 22% to 45% lower than those using the registration database for the entire county (i.e., the EMFAC default).
SUMMARY AND CONCLUSIONS
Differences in the speed-acceleration distribution were identified among Los Angeles, Riverside, and Orange Counties. The vehicle activity distribution for Riverside County was the fastest on average and had the lowest proportion of high-congestion speeds. The speed profiles for the sites in Los Angeles and Orange Counties were similar, but Los Angeles County had a much narrower range of accelerations and decelerations. The main factor influencing the changes in the speed-acceleration distributions was the congestion level typical of each area studied.
Differences in the vehicle fleet were identified among the three areas for the vehicle registration address data set. For the two onroad data sets, Los Angeles County had a significantly older vehicle population than Riverside County or Orange County. However, Riverside and Orange Counties did not have significantly different model year distributions for either on-road data set.
